Abstract. Home Care (HC) sta assignment problem is de ned as deciding which sta to assign to each patient. In this study, a multi-objective non-linear mathematical programming model is presented to address sta assignment problem considering crosstraining of caregivers for HC services. The rst objective of the model is to minimize the cost of workload balancing, cross-training, and maintenance. The second objective minimizes the number of employees for each service, while the third objective function maximizes the satisfaction level of caregivers. Several constraints including skill matching, sta preferences, regularity, synchronization, sta absenteeism, and multi-functionality are considered to build a service plan. Due to NP-hardness of the problem, a Non-dominated Sorting Genetic Algorithm (NSGA-II) with a proposed who-rule heuristic initialization procedure is applied. Due to the absence of benchmark available in the literature, a Non-dominated Ranking Genetic Algorithm (NRGA) is employed to validate the obtained results. The data required to run the model are gathered from a real-world HC provider. The results indicate that the proposed NSGA-II is superior to the NRGA with regard to comparison indexes. Based on the results obtained, it is now possible to determine which sta to cross-train for each service and how to assign sta to services.
Introduction
Home Care (HC) service de ned as visiting, assisting, nursing, and delivering medical, nonmedical, and paramedical services to patients, the elderly, and disabled people at their homes was o ered as an alternative to traditional hospitalization as well as to providing an opportunity for citizens to stay in their homes [1] [2] [3] [4] . HC services consist of nonmedical services (such as cleaning, preparing meals, doing housework, bathing, dressing, and shopping) and medical services (such as nursing, physiotherapy, and occupational therapy, taking care of children, elderly, people with disabilities, and conditions treated (e.g., patients su ering from AIDS, cancer, and neurological disorders)). The main advantages of HC include a considerable reduction in hospitalization rate, improving the quality of life, and signi cant cost saving [5, 6] .
Increasing health care costs and change in the age distribution of population have led to an increase in the number of HC clients, and HC providers, therefore, face a large number of patients [7, 8] . At the same time, these providers have to reduce their resources to mitigate costs and, at the same time, increase their competitiveness. Moreover, demand is unpredictable and service duration is very volatile. Thus, they strive to achieve e cient workforce management that is necessary to increase service quality and reduce operational costs. However, in reality, designing an e cient workforce management policy is hard to attain [7] . In the literature, this problem is referred to as HC sta assignment problem, which is concerned with deciding which sta to assign to each admitted patient [1] . HC service involves dealing with a large number of patients with rapid changes in clinical and social conditions. To deal with this issue, the number of caregivers should increase. It increases service quality and leads to high patients' satisfaction and time saving [7] . However, an increase in the number of caregivers will lead to an increase in operating and human resources costs as well as idle time of caregivers, which is not economically justi able. On the other hand, reducing the number of caregivers leads to service quality deterioration [9, 10] . Therefore, it is recommended that their skills and abilities be risen instead of increasing the number of caregivers so that they can operate more services. This description refers to a concept called \cross-training" in the literature.
Cross-training the sta is one of the rst steps in HC sta assignment [11] . Increasing cross-trained sta leads to production exibility and is a signi cant goal for today's organizations [12, 13] . Achieving this goal at organizations or department level leads to the creation of individual training goals [14] . Cross-trained sta are capable of performing multiple services. Creating cross-trained sta includes three main steps [11] : (1) hiring sta with appropriate basic skills, (2) giving them necessary o -the-job training, and (3) assigning services to them so that the required experience can be acquired and maintained. Cross-training enjoys numerous advantages such as positively a ecting operational performance indicators (e.g., the throughput time), dealing with uctuation in the supply of human resources more e ectively, increasing the possibility of workload sharing, creating opportunities for job rotation, and minimizing idle time [15, 16] .
Most of the above-mentioned advantages can be achieved without having to perform full cross-training. A full cross-trained system is advantageous only when the relative exibility costs are low [17] . Achieving a full cross-trained system is, however, very costly and may lead to signi cant productivity loss due to the shift of sta between services. In addition, there are some social reasons for limiting cross-training and labor exibility in rms. A fully cross-trained workforce makes jobs more similar, which may, in turn, impair social identity and lead to motivational de cits. It may also cause social loa ng (i.e., a situation in which no one feels exclusively responsible to do the dirty work) [18, 19] . Referring to the foregoing discussion, cross-training can be potentially motivating or demotivating based on the selected policy, which suggests that it is often better not to attempt full cross-training. This raises the following question: \who should be crosstrained for each service?".
This study addresses sta assignment problem considering cross-training of caregivers in healthcare systems to determine which sta should be crosstrained for each service and how they should be assigned to services. A multi-objective non-linear mathematical programming model is proposed, where the rst objective function aims to minimize workload balancing, cross-training, and maintenance costs. The second objective function attempts to minimize the number of employees for each service, while the third objective function is concerned with maximization of caregivers' satisfaction level. The behavior of the various elements and features of the model is evaluated in a real-world HC provider as our case study. Several constraints with respect to Skill Matching (SM), sta preferences (PRE), regularity (REG), synchronization (SYN), sta absenteeism, time capacity, and multifunctionality level are taken into account to build a service plan. In addition, the chaining concept is used to balance workloads of caregivers and allow shifting jobs among caregivers. Finally, due to the cultural conditions prevailing in Iran, it is supposed that services for men and women are separately performed. For the problem being NP-hard, a Non-dominated Sorting Genetic Algorithm (NSGA-II) with a proposed heuristic initialization procedure is applied, and the proposed model is solved based on a dataset collected from our case. In the proposed initialization heuristic, a who-rule is applied to determine which sta should be assigned to services. The parameters are tuned by Taguchi method. Due to the absence of benchmark available in the literature, a Non-dominated Ranking Genetic Algorithm (NRGA) is employed to validate the obtained results. Three comparison indexes are considered, and the results show the superiority of the proposed NSGA-II to the NRGA with respect to comparison indexes.
The remainder of this study is organized as follows. Section 2 provides a brief review of the related literature. Section 3 presents problem de nition as well as the assumptions in more detail. In Section 4, the parameters and decision variables are introduced, and the mathematical model is presented. Section 5 details the solution methodology and designs the NSGA-II to solve the proposed model. In addition, the implementation of Taguchi method and other details proposed for parameter tuning are described in this Section. The proposed real-world case study and the relevant computational results are given in Section 6. Finally, Section 7 is dedicated to concluding remarks and directions for future research.
Literature review

HC sta assignment problem
Sta assignment problem in health care systems is an interesting topic for researchers in di erent elds. In the literature, optimization of di erent nancial measures, such as personnel cost, overtime cost, outsource cost, waiting cost, and travel cost, has been considered as an objective function. Borsani et al. [3] presented an Integer Linear Programming (ILP) model for scheduling human resource as an HC sta planning problem and applied it to a real dataset collected from Italian HC providers. Akjiratikarl et al. [20] addressed scheduling of homecare workers in an attempt to minimize the distance traveled by workers. They used a Particle Swarm Optimization (PSO) algorithm to deal with this problem. Hertz and Lahrichi [21] presented a Mixed Integer Programming (MIP) model with the aim of balancing the workload of the nurses and minimizing the traveled distances. They applied a Tabu Search (TS) algorithm to handle the proposed model. Rabeh et al. [22] proposed a mixed ILP model with the objective of minimizing both the traveled and waiting times and took advantage of Lingo to solve the problem. Rasmussen et al. [1] studied Vehicle Routing Problem (VRP) with time windows in the healthcare system. They formulated it as a set partitioning problem and presented a branch-and-price solution algorithm based on the soft preference constraints to solve it.
Gamst and Jensen [23] addressed the long-term homecare scheduling problem and designed a branchand-price algorithm to solve the proposed model in an attempt to minimize the overall cost and maximize the service level. Liu et al. [24] proposed two MIP models to address VRP in home health care logistics. They considered delivery, pickup, and time windows and applied genetic algorithm and TS method to solve the presented model. Allaoua et al. [2] presented an ILP model with the aim of establishing the optimal routes and rosters for the HC sta and applied a metaheuristic based on decomposition to deal with this problem. A mathematical model was developed by Mankowska et al. [25] in an attempt to optimize performance measures concerning economic and service levels. They applied a heuristic based on a sophisticated solution representation to solve the problem. Duque et al. [26] proposed a bi-objective programming model with the aim of minimizing the distance traveled by the caregiver and maximizing the service level and designed a two-stage solution strategy to deal with it.
There are a few papers considering continuity of care and demand or uncertainty in sta assignment problem in healthcare environment. Lanzarone and Matta [5] studied the robust HC sta assignment problem under the continuity of care and proposed an analytical structural policy to solve this problem. They believed that robust sta planning is crucial for operations in homecare companies to increase the quality of their services. Mutingi and Mbohwa [10] designed a fuzzy simulated algorithm to address caregivers scheduling problem in homecare companies. Based on the obtained results, their algorithm has the capability to solve this problem. Carello and Lanzarone [27] proposed a cardinality-constrained robust assignment problem and analyze it on a real home care company as a case study. The results show the capability of the model to reduce nurse's overtime costs. Mutingi and Mbohwa [28] presented a fuzzy particle swarm optimization approach to sta assignment problem in healthcare environment with the aim of maximizing workload balance and minimizing violation of patients' time window. Mutingi and Mbohwa [29] addressed the caregiver planning problem and designed a fuzzy genetic algorithm to solve the problem. Their model included multiple con icting objectives and preference constraints.
Cross-training
Recently, cross-training has become very important for the global business to deal with variations in product mix and uctuations in the supply of human resources. Both in the literature and in practice, implementation of cross-training policies has been recognized to play a signi cant role in organizations. Bokhorst et al. [30] investigated the need for incorporating the whorule in simulation studies. They explored the ow time impact of di erent who-rules on dual resourceconstrained systems where workers di er from each other in terms of workload, number of skills, and task pro ciencies. In another paper, Bokhorst et al. [31] presented an integer goal programming model to evaluate cross-training policies where the objective was to minimize ow time mean and standard deviation from the operation management and human resource management viewpoints. Slomp et al. [15] proposed an integer programming model for minimizing workload and cross-training costs. They attempted to answer the following question: \which worker should be crosstrained for each machine?" Yang [32] evaluated and compared a set of cross-training policies with di erent numbers of cross-trained workers, additional machines, and additional skills per cross-trained worker in job shops.
Yue et al. [33] studied cross-training policies in a parallel job-shop environment. They considered learning and forgetting phenomena, and assumed that new part types were frequently introduced into the system. Li et al. [34] proposed a bi-objective integer programming model in an attempt to minimize the average salary and maximize satisfaction degree. They employed a NSGA-II algorithm and compared its results with those of Multiple Objective Particle Swarm Optimization (MOPSO). Liu et al. [35] proposed a multi-objective model aimed at balancing total processing times and minimizing total training cost in seru production systems. They also developed a threestage heuristic algorithm to tackle the proposed model. By taking into account cross-training, the e ect of worker learning and forgetting, and the heterogeneity within worker pool, Feng and Fan [36] simulated a production line in car engine parts plant and compared Work In Process (WIP), adaption time, and productivity under di erent cross-training policies with each other. Habibnejad et al. [37] presented a biobjective non-linear programming model with the aim of minimizing workload balancing, cross-training, and maintenance and transportation costs and maximizing caregivers' satisfaction level. They considered several constraints such as maximum allowable distance for transportation, maximum allowable consecutive shifts, and budget capacity and solved the proposed problem with an exact algorithm. Table 1 provides a summary of the researches reported on homecare systems according to the most common constraints and objective functions taken into account for homecare services planning in chronological order. In addition, Table 2 presents the cross-training Stewart et al. [49] p p Bokhorst et al. [30] p Slomp et al. [15] p p p p
Easton [50] p p p p Kim and Nembhard [51] p p Gnanlet and Gilland [52] p p Paul and MacDonald [53] p p Sammarco et al. [54] p p p p
Habibnejad et al. [37] p p p p and labor assignment features and summarizes those features addressed in the literature review. For the rst time, this paper incorporates the cross-training concept in homecare sta assignment problem based on a realworld HC provider. In addition, cross-training and labor allocation using who-rule are studied simultaneously, and the most common constraints are taken into account for cross-training and labor allocation problem, concurrently.
Problem de nition
Dam homecare medical center is a non-governmental organization founded in Iranian Academic Center for Education, Culture, and Research (ACECR) in 1999. It is a 24-hour medical center that provides its 11000 patients in Tehran, Iran with HC services. The process commences when a citizen applies for HC services, and a preadmission is initiated. Each visit commonly takes between 1 to 5 hours. The manager decides which caregiver should be assigned to each patient by taking into account a set of factors such as the patients' medical statue, caregivers' skills and training level, and the patients and caregivers' preferences.
The objectives of the organization are two-fold: (a) minimization of the number of employees for each service and costs associated with workload balancing, training, and maintenance and (b) maximization of sta preferences so that the patients' needs are met. Some constraints are required to build a service plan in Dam organization, as presented in the following:
1. Skill Matching (SM): A service requires sta s with speci c skills or training; 2. Sta preferences (PRE): Sta preferences respecting time and sta assignment; 3. Regularity (REG): The number of employees for each service; 4. Synchronization (SYN): A service requires more than one sta member.
Moreover, each caregiver can be cross-trained for the maximum number of services called multifunctionality level. A caregiver's multi-functionality represents the number of services that one is able to deliver. The maximum number of working hours per day is another constraint that the organization has to take into account. Since there are enough regular working hours to cover all requirements, overtime and non-regular shifts are not involved. In this paper, the chaining concept is used to reallocate jobs among caregivers, leading to a more balanced workload that is desired from social and economic perspectives. Finally, it is supposed here that services for men and women be separately provided due to the cultural conditions prevailing in Iran.
Proposed model
In this section, the proposed multi-objective mathematical model is presented whose rst objective is to balance workload and minimize cross-training and maintenance costs. In the second objective function, the number of employees for each service is minimized, while the third one attempts to maximize caregivers' preferences.
The indices and parameters used in the presented model are de ned as follows: Indices Number of times caregiver j is assigned to service i on day d at time slot t It is assumed here that training should lead to workload balance among caregivers in various circumstances; as a result, there is always the possibility of chaining. Equally loaded caregivers can be achieved by minimizing the caregivers' workload deviation from the average workload in di erent periods. Some of the services in the organization need special care due to the cultural conditions prevailing in Iran, i.e., requiring either male or female caregivers. The sets of JM, JF , MS, and F S are de ned for this purpose. NC i is de ned due to the synchronization constraint, indicating that some services could possibly call for more than one caregiver. The cost of training caregiver j for service i is denoted by T C ij and is zero for a caregiver who is already quali ed for a particular service. E ij is determined by the operational team. The smaller the value of E ij is from 1, the more e cient caregiver j will be for performing service i. On the other hand, as E ij goes higher than 1, caregiver j is assumed to become more ine cient in performing service i. 
subject to: 
The rst objective function aims to minimize two terms as follows. The rst term represents costs associated with caregivers' workload deviation from the average value. It balances workload among caregivers that in turn results in economic and behavioral bene ts. The second term concerns training and maintenance costs. These two terms establish a tradeo between the balancing cost (as operating cost) and cross-training cost. Factors 1 and 2 are weight factors, and setting them di erently leads to di erent arguments. A higher value of 1 indicates that the organization emphasizes workload balancing. On the other hand, cross-training costs may lead to higher settings for factor 2 . The second objective function attempts to minimize the number of employees for each service. Finally, the last objective function is aimed at maximizing caregiver satisfaction.
Eq. (3) calculate caregiver's workload deviation from the mean workload. Constraints (4) are related to regularity constraint. Constraints (5) guarantee that a caregiver is assigned to a given service only if he is trained for it. Constraints (6) force caregivers to be assigned to the services they have to perform. Eqs. (7)- (9) guarantee that the demand for di erent services (whether general, special, or synchronization constraint) is assigned to the caregivers. Constraints (10) prevent working hours per day from exceeding the maximum working time of each caregiver in each day. The maximum desired multi-functionality of each caregiver is represented by Constraints (11). The caregivers' satisfaction level is calculated through Constraints (12) . Constraints (13) ensure that no service is assigned to absent caregivers. Finally, the domain of each decision variable is denoted by Constraints (14)- (16 
5. Solution methodology NSGA-II, which was rst proposed by Deb et al. [38] , is one of the most famous and applicable multi-objective evolutionary algorithms. This fame arises from its capability to cope with constraint as well as to promote diversity of solutions. The e ciency and convergence of the GA have been veri ed in the literature. In this algorithm, a non-dominance technique and a crowding distance are used to nd a set of solutions ordered by fronts and select the population fronts. The pseudo-code of the proposed NSGA-II is shown in Algorithm 1. The main components of applied NSGA-II are discussed in detail in the following subsections.
Chromosome representation
The rst step in NSAG-II and many other metaheuristic algorithms is designing a suitable chromosome to present solutions and maintain the feasibility of the generated chromosomes. Each chromosome consists of a sequence of real, binary, or integer numbers (genes) and is represented by two approaches: direct and indirect encoding. In this study, the direct approach is used, meaning that a chromosome totally represents a solution. The designed chromosome is shown in Figure 1 . In this representation, each gene stands for a service, and the chromosome shows which service is assigned to which caregiver at which time slot. Figure 1 indicates that service 3 is assigned to caregiver 2 at time slot 2 on day 1.
Initialization
A random population for initialization leads to the production of some infeasible solutions. To deal with this issue, a heuristic approach is proposed to generate feasible initial solutions. Who-rule is used to determine which caregiver to assign to services. In this rule, service is assigned to a caregiver according to the workloads of caregivers so that the workloads of caregivers are balanced [39] . The pseudo-code of this approach is summarized in Algorithm 2.
Non-dominated sorting
The non-dominated sorting algorithm assigns a rank to each individual in the population based on nondominance before the selection strategy as well as after applying crossover and mutation operators [40] . To rank and select the fronts, a non-dominance technique and a crowding distance are applied. In a multiobjective model, solution x dominates solution y if:
1. OFV(x) OFV(y) for all objectives;
2. OFV(x) < OFV(y) for at least one objective. If a solution is not dominated by any other solution, it belongs to the front one. In addition, solutions in the front row are dominated only by solutions in the front one.
After classifying the solutions in di erent fronts, a crowding distance is used to estimate the density of solutions and rank the solutions in the same front. The crowding distance is computed as follows: 
Genetic operators
The binary tournament selection procedure is adopted as the selection strategy in this paper. This strategy is based on the tness value and selects two solutions of the population size based on the non-dominance technique and crowding distance.
Crossover
Crossover operator that combines two individuals from a population to produce new o spring is the main GA operator. In this study, two-point crossover is applied to produce new chromosomes. In two-point crossover, two crossing sections are selected randomly, and everything is swapped between the parents.
Mutation
Mutation is another GA operator that produces small random changes in chromosome to maintain the diversity of the population. Due to random changes in mutation, the solution becomes infeasible. Therefore, the mutation operator should keep the feasibility of the solutions. The basic operation of employed mutation is presented in the following. First, a day and time slot is selected randomly. Second, two caregivers are selected randomly. Finally, the services of these two positions are exchanged. Figure 2 represents an example of the employed mutation.
Some infeasible solutions may be produced by implementing crossover and mutation due to maximum working time and multi-functionality constraints. Here, to deal with this issue, the penalty function strategy is used and the values of constraint violations (Eqs. (20) and (21) 
Parameter tuning
Due to the signi cant e ect of parameter values on the e ectiveness of the algorithm, choosing appropriate parameters is necessary to preclude being trapped in local optimum and increase the search around interesting regions [41] . In this study, Taguchi Method (TM) is applied to obtain proper results and determine the best level of the parameters. TM is a robust approach of the factorial design of experiments, introduced by Genichi Taguchi. The aim of TM is to reduce the number of experiments and select a small set from all possible experiments. The NSGA-II parameters of iteration, population size, tournament size, crossover probability, and mutation probability are considered in the Taguchi's plan. These parameters and their level are shown in Table 3 .
Computational results
The behavior of the di erent elements and features of the proposed model is evaluated on a real-world HC provider called Dam organization, from which all required data are collected. This information relates to three adjacent districts of Tehran with the largest caregivers, and all the obtained results are solely concerned with this area. The planning horizon is a week (7 days), and about 1100 patients with 55 caregivers are assessed in this period. Table 4 presents the list of considered services in detail and also the demand for these services in the selected period. The information regarding demands is taken from the real historical data of the organization. M and F indicate male and female, respectively. Table 5 provides information about the parameters of the model including training costs involved in learning how to perform a task. As mentioned before, these costs are zero for caregivers who are already quali ed for a particular service. Moreover, the costs imposed by maintaining skills are considered to keep quali cations at a certain level. Table 5 also provides information about normalized visit time of services, indicating average visit time in a certain period as well as deviation from the average costs for workload balancing. All these parameters follow uniform distribution parameterized by speci c a's and b's (e.g., x U(a; b)).
Taguchi execution
In the proposed TM method, 16 experiments with 4 replications are conducted, and the algorithm is run under these designs. Figure 3 presents a graphical representation of the behavior of selected parameters according to their levels.
According to Figure 3 , pc and npop have the most and the least ranges (the di erence between the minimum and the maximum S=N ratios) and, thus, have the most and the least in uence on objective function value, respectively. In addition, the highest S=N ratio is desired to achieve the minimum objective function value for each factor. The best values for parameters iteration, population size, tournament size, crossover probability, and mutation probability are 100, 200, 5, 0.80, and 0.25, respectively.
Comparative algorithm
In this study, due to the absence of benchmark available in the literature, a non-dominated ranking genetic algorithm (NRGA) is used to validate the obtained results. The pseudo-code of NRGA is summarized in Algorithm 3. Three comparison indexes are taken into consideration to validate the proposed NSGA-II. These indexes are de ned as follows:
Quality Index (QI): This index computes the percentage of the Pareto-optimal solutions for NSGA-II and NRGA. A higher value is desirable for this index [42, 43] ; Mean Ideal Distance Index (MIDI): The distance between the best solutions and Pareto-optimal solutions. A lower value is desirable for this index [44] ; Spacing Index (SI): The distribution of the spread of the non-dominated set solutions. A lower value is desirable for this index [45] [46] [47] .
In order to compare NSGA-II and NRGA, 25 test problems with di erent sizes are designed, as shown in Table 6 . It should be noted that test problem (15) represents the actual size of the main problem related to the case study.
The results of comparing NSGA-II and NRGA based on the three comparison indexes for di erent test problems are shown in Table 7 . Note that each Algorithm 3. NRGA procedure. 6  35  3  6  6  40  3  7  6  45  3  8  6  45  5  9  8  45  5  10  8  50  5  11  8  55  5  12  8  55  7  13  10  45  7  14  10  50  7  15  10  55  7  16  12  50  7  17  12  55  7  18  12  60  7  19  14  50  7  20  14  55  7  21  14  60  7  22  16  55  7  23  16  60  7  24  16  65  7  25  18  60  7 algorithm has been run 30 times for each test problem, and the average of the obtained results is reported in (23) If the null hypothesis of the above test is rejected, it can be concluded that NSGA-II outperforms NRGA in terms of MIDI and, thus, is selected as the superior algorithm. Otherwise, the algorithm with lower average result is selected. The p-value of the paired t-test is equal to 0.006; therefore, the null hypothesis is rejected, meaning that there is no signi cant di erence between NSGA-II and NRGA based on MIDI. In order to choose the superior algorithm, the second statistical hypothesis testing is used. The p-value for this test is equal to 0.003 according to which the null hypothesis is rejected; thus, NSGA-II is selected as the superior algorithm. Based on the obtained results, the proposed NSGA-II is superior to NRGA in terms of all comparison indexes (i.e., QI, MIDI, and SI) and, thus, is recommended for the proposed multi-objective homecare problem. The remainder of the analyses and results are based on the NSGA-II for the actual size of the case study.
Results and discussion
The model is run with di erent values of 1 and 2 . Five Pareto-optimal solutions are selected randomly and are reported for objective function terms with di erent values of 1 and 2 in Table 8 . The values of di erent terms of objective functions, including workload balancing cost, training cost, the number of employees for each service (regularity), and satisfaction level, are presented in Table 8 . In addition, Figures Table 8 and Figures 4 and 5, Type 1 means 1 = 1 and 2 = 1 and Type 2 means 1 = 10 and 2 = 1. As mentioned before, a higher level of 1 indicates that the organizations focus on workload balancing, while cross-training costs may lead to higher value settings for factor 2 .
The results of the proposed model for selected Pareto-optimal solution (number 4) with 1 = 10 and 2 = 1 are given in Table 9 . Furthermore, Table 10 provides the results of analyzing caregivers and their workloads only for 10 cases for di erent values of weight factors. Table 9 shows the number of caregivers as well as the cross-training cost associated with each service. Based on the results obtained, the highest training cost is related to service nursing, which also possesses the highest number of caregivers. Several conclusions can be drawn based on the results provided in Table 10 . First, the results reveal that the caregivers' workload is relatively balanced; thus, there is no bottleneck. Second, in case workload balance is of considerable importance, it is possible to lay great emphasis on this issue by boosting the value of 1 . This leads to an increase in training cost. Third, when 1 = 10, the caregivers' workload is more balanced (i.e., the caregivers' workload deviations from the average value are less) than when 1 = 1. Fourth, it is realized that the caregivers' preferences are more satis ed and, except in a few cases, they were greater than 0.75. Finally, as the importance of the third objective function increases, caregivers' satisfaction level rises, too.
Conclusions
In this study, a multi-objective non-linear mathematical programming model was presented to address sta assignment problem considering cross-training of caregivers for HC services in healthcare systems. The rst objective function aimed to minimize the costs associated with workload balancing, cross-training as well as maintenance, while the number of employees for each service was minimized in the second objective function. In addition, caregivers' satisfaction level was maximized in the third objective function. Moreover, several constraints including skill matching, sta preferences, regularity, synchronization, sta absenteeism, time capacity, and multi-functionality level were taken into account in building a service plan. Chaining concept was used to balance workloads of caregivers and allow shifting jobs among caregivers. Finally, due to the cultural conditions prevailing in Iran, it was supposed that services for men and women were separately performed. Dam homecare medical center organization located in Iran was considered as the intended case study; then, required data were gathered and the behavior of varied characteristics of the model was analyzed according to this case. A service plan was also built for 7 days (1 week), and the results determined which sta had to be cross-trained for each service and how the sta was assigned to services in each shift.
For the problem being NP-hard, a non-dominated sorting genetic algorithm (NSGA-II) with a proposed heuristic initialization procedure was applied, and the proposed model was solved based on a dataset collected from the proposed case. A who-rule was applied to determine which sta should be assigned to services. An NRGA and generated di erent test problems were used to validate the obtained results with respect to three comparison indexes including QI, MIDI, and SI. Based on the results obtained from statistical hypothesis tests (paired t-test), the proposed NSGA-II was superior to NRGA in terms of all comparison indexes (i.e., QI, MIDI, and SI) and, thus, was recommended for the proposed multi-objective homecare problem. Analysis of caregivers showed that most of the caregivers achieved workload balance; thus, there was no bottleneck that could positively impact operational performance. Furthermore, when 1 = 10, the caregivers' workload was more balanced than when 1 = 1. Finally, the caregivers' preferences were satis ed and, as the importance of the third objective function increases, caregivers' satisfaction level increased, too. The distance between patient and caregivers is a major issue, which was not covered in this study. We believe combining cross-training with this issue would help researchers and organizations achieve a more real and precise service plan. Another issue that can a ect organizations and can be of interest for researchers is uncertainty stemming from high variability of sta , material resources, etc. Furthermore, presenting an e cient algorithm that can handle all these issues particularly in various lengths of planning horizon could be another interesting topic. 
